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ABSTRACT
Context. Galactic all-sky maps at very disparate frequencies, such as in the radio and γ-ray regime, show similar morphological
structures. This mutual information reflects the imprint of the various physical components of the interstellar medium.
Aims. We want to use multifrequency all-sky observations to test resolution improvement and restoration of unobserved areas for
maps in certain frequency ranges. For this we aim to reconstruct or predict from sets of other maps all-sky maps that, in their original
form, lack a high resolution compared to other available all-sky surveys or are incomplete in their spatial coverage. Additionally, we
want to investigate the commonalities and differences that the ISM components exhibit over the electromagnetic spectrum.
Methods. We built an n-dimensional representation of the joint pixel-brightness distribution of n maps using a Gaussian mixture
model and investigate how predictive it is. We study the extend to which one map of the training set can be reproduced based on
subsets of other maps?
Results. Tests with mock data show that reconstructing the map of a certain frequency from other frequency regimes works astonish-
ingly well, predicting reliably small-scale details well below the spatial resolution of the initially learned map. Applied to the observed
multifrequency data sets of the Milky Way this technique is able to improve the resolution of, for example, the low-resolution Fermi
LAT maps as well as to recover the sky from artifact-contaminated data such as the ROSAT 0.855 keV map. The predicted maps gen-
erally show less imaging artifacts compared to the original ones. A comparison of predicted and original maps highlights surprising
structures, imaging artifacts (fortunately not reproduced in the prediction), and features genuine to the respective frequency range
that are not present at other frequency bands. We discuss limitations of this machine learning approach and ideas how to overcome
them. In particular, with increasing sophistication of the method, such as introducing more internal degrees of freedom, it starts to
internalize imaging artifacts.
Conclusions. The approach is useful to identify particularities in astronomical maps and to provide detailed educated guesses of the
sky morphology at not yet observed resolutions and locations.
Key words. ISM: general – Galaxy: general, structure – Surveys – Methods: data analysis, statistical
1. Introduction
Historically, research on astrophysical phenomena has been sep-
arated based on the different means of observation into the multi-
ple areas of the electromagnetic spectrum. There exist radio, mi-
crowave, IR, optical, X-ray, and γ-ray astronomy as individual
disciplines. Here, an integrated approach is followed in which
we combine information on the Galactic sky covering the full
width of the measurable electromagnetic spectrum. This data
set is jointly analyzed by investigating commonalities between
different frequency bands using machine learning. In particular,
we inspect to which degree the Galactic diffuse X-ray and γ-ray
skies are encoded in the other frequency bands, for example, in
the radio and microwave regimes.
From stellar observations it is known that the Milky Way is
composed of a thin and a thick disk whose structure is dominated
by spiral arms and a bulge, as well as a bar in the central region
(e.g., Freeman & Bland-Hawthorn 2002). The disk is surrounded
by a halo, which has at least the radius of the disk. The gas and
dust distribution partly coexists with the stellar structures, such
that this coarse classification also holds for the diffuse emission.
Additionally, the halo is dominated by different diffuse small and
large-scale structures (typically outflows from the Galactic disk)
that are observable in different frequency ranges, but overall the
physical origin is subject of current research. For example, in
the radio, X-ray, and γ-ray regime, large-scale structures such
as the North Polar Spur or the Fermi bubbles expand above and
below the plane (Su et al. 2010). The origin of the Galactic halo
structures is under current research, as the mechanisms driving
gas and energetic particles out of the disk into the halo are not
identified entirely.
Within previous works only small parts of the whole elec-
tromagnetic spectrum of all-sky observations are used to, for ex-
ample, investigate the correlation between the Galactic H I emis-
sion and the cosmic microwave background, which turned out to
be nonsignificant (Land & Slosar 2007). Su et al. (2010) found
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a correlation at the edges of the Fermi bubbles between X-ray
and γ-ray observations. The correlation between dust and H I
has been investigated by Planck Collaboration et al. (2014) on a
contiguous area centered on the southern Galactic pole with re-
gard to the dust evolution within the diffuse interstellar medium.
Subsequently, Röhser et al. (2016) focused on analysing Galac-
tic outflows and halo material by also investigating the all-sky
far-infrared and H I correlation. Finkbeiner et al. (1999) pre-
sented predicted all-sky maps for the submillimeter and mi-
crowave emission determined via extrapolation over the diffuse
interstellar dust emission using theoretical models. De Oliveira-
Costa et al. (2008) compiled a data set using the radio frequency
maps available at that time and computed a model based on three
components predicting the diffuse radio sky by principal compo-
nent analysis. In Planck Collaboration et al. (2016b) the authors
derived different all-sky foreground maps from the microwave
regime and radio continuum observations via Bayesian analysis.
In contrast to previous works, we analyze the multifrequency
all-sky data sets covering the electromagnetic spectrum from ra-
dio to γ-ray frequencies without the use of theoretical models.
The importance of this endeavor has been outlined by, for exam-
ple, Grenier et al. (2015) who stated that although the Galactic
emission in separate frequency regimes is investigated in more
and more detail, the physical and phenomenological connections
across all frequencies are still studied insufficiently due to their
complexity. Especially, the authors state that while cosmic rays
are major actors in the feedback between high-energy events in
galaxies and the interstellar medium, only very little is known
about how this feedback operates from the microscales of plasma
physics and shocks to the large scales of galactic fountains and
winds.
In Selig et al. (2015) the nonparametrically estimated γ-ray
all-sky maps have been published as well as a physical two-
component decomposition of their diffuse emission over the
whole sky. The decomposition has been achieved by pixelwise
spectral fits of two template spectra, which were taken from
spectrally extreme regions: the southern Fermi bubble and the
disk cloud complex. The authors claim that one component is
predominantly composed of leptonic and the other of hadronic
emission. A comparison of these components to the rest of the
electromagnetic spectrum can test this claim. We investigate to
what extent individual sky components, here the proposed lep-
tonic and hadronic γ-ray emission, are encoded in the comple-
mentary all-sky multifrequency data. We find that re-predicting
a learned low-resolution γ-ray sky map from the complementary
data sets yields a higher resolved map. It contains physically
plausible small-scale structures. This prediction of unobserved
features is possible as these are caused by processes in the in-
terstellar medium imprinting onto observations over the whole
electromagnetic spectrum. The physical ingredients required to
generate the γ-ray components, such as gas, dust, photon fields,
and relativistic particles, reveal their presence also in other fre-
quency ranges. Furthermore, a comparison of predicted to ob-
served γ-ray or X-ray maps identifies structures in particular fre-
quency bands, which cannot be attributed to other frequencies.
Examples for this are the southern Fermi bubble in the γ-ray
regime or the brightness of the Vela region and the North Polar
Spur in the X-ray regime.
2. Gaussian mixture models
To investigate how the comprehensive diffuse all-sky radiation in
one part of the electromagnetic spectrum relates to other parts,
we use Gaussian mixture models (GMMs, Bishop 2006). This
is a machine learning method to abstract the measured informa-
tion in a nearly model-free fashion. GMMs are able to describe
an empirical distribution function (usually being present in form
of samples) by a mixture of continuous Gaussians. They answer
questions such as, given the measurement x and y, what is a prob-
able value for z if the GMM was trained with samples of corre-
sponding x, y, and z values. We demonstrate that a GMM is able
to plausibly predict features of the X-ray and γ-ray sky. For this,
a set of n available all-sky maps is ingested into a GMM by form-
ing n-dimensional data vectors out of the n diffuse brightnesses
at all pixel positions of a sky pixelization. We use n ≤ N = 39
maps dependent on the problem we analyze and train the GMM
with the log-brightnesses (magnitudes1). The GMM then yields
a probability distribution for the magnitude vectors d(x) at dif-
ferent sky positions x. Thus, each pixel carries one such vector.
The set of all these vectors will be one training data set for the
GMM. This GMM should learn the probability distribution of
these magnitude combinations occurring on the sky.
A GMM represents a multidimensional probability distribu-
tion function (PDF) of some data vector d = (d1 d2 ... dn)T by a
sum of multidimensional weighted Gaussians
P(d|pi, µ,Σ) =
K∑
k=1
pikN(d|µk,Σk) (1)
with pik ∈ [0, 1], ∑Kk=1 pik = 1 being the normalized weights of
the K Gaussian components, µk their means, and Σk > 0 their
strictly positive definite covariances.
In our case, we use a GMM where prior information is in-
cluded into the training such that the likelihood in Equation 1 is
multiplied by the prior information to a posterior given by
P(pi, µ,Σ|d) ∝ P(d|pi, µ,Σ) P(pi, µ,Σ). (2)
Here, the inverse Wishard distribution is the conjugate prior for
the covariance matrices given by
P(Σk) ∝ |Σk |−α−1 exp{−trΨΣ−1k }, (3)
where Ψ = βIn with In as the identity matrix. The free parameters
α and β are canonically chosen to always be 1 during the GMM
training.
Here, the training of the GMM is based on the Expectation-
Maximization (E-M) algorithm (Bishop 2006) which maximizes
the natural logarithm of the posterior (Eq. 2) with respect to the
weights pik, the means µk, and the covariance matrices Σk for
each Gaussian component K. These parameters will be updated
to a predefined accuracy via iterative maximization steps. In our
case, we accept the found solution of the E-M algorithm when
the difference between the current iteration solution of the pos-
terior (Eq. 2) and the previous one is smaller than 10−6 in the
dimensionless magnitude units we choose later on.
A trained GMM, one from which its parameters, the weights,
means, and covariances of the Gaussian components are appro-
priately specified, permits to inspect relations between different
dimensions x and y of a data vector d = (x, y). Here, d splits into
two parts x = (d1, ..., dm) and y = (dm+1, ..., dn). For example the
1 We here define magnitudes as the positive natural logarithm of the
flux values of a map. We do not have the need to be specific about the
flux value corresponding to magnitude zero; this can be left arbitrary
and changing from map to map. We note that this convention differs
from the usual astronomical one, where magnitudes refer to the negative
flux logarithm for the base 10.
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conditional probability distribution (CPD) of x given y can be
reconstructed by
P(x|y) = P(x, y)
P(y)
, (4)
where
P(y) =
∫
dx P(x, y) (5)
as marginalization over x can be calculated analytically due to
the integrability of multidimensional Gaussians. These CPDs
summarize the knowledge on x in case that y is known and are
therefore a mean to, for example, predict missing data in case of
incomplete knowledge. We are also able to compute the standard
deviation pixel-wise for each prediction. However, the GMM is
overall underestimating the uncertainties in the brightest regions,
as discussed in Appendix B.
3. Verification
In the following, we present certain tests of the functionality
of the GMM on simulated Galactic all-sky maps. These mock
data sets are computed in Python (Rossum 1995) utilizing the
versatile signal inference library NIFTy (Selig et al. 2013). For
these tests we constructed simplified simulated Galactic emis-
sion structures. We check whether the GMM is able to recover
one map of the training set from a set of other maps. We find
that the method is reliable at least under the test conditions and
that it is able to improve image resolution as well as to restore or
recreate unobserved or defective areas.
3.1. Simulation
We generated simulated Galactic all-sky maps such that the
Galactic morphology of the diffuse interstellar medium (ISM) is
roughly replicated. For this purpose, we consider physical causes
mimicked by I different Gaussian random fields on the celestial
sphere that have angular power spectra given by
Ci(`) =
ai(
1 + ( `
`i
)2
) αi
2
(6)
in which the multiplier ai, the width `i, and the exponent αi can
be adjusted with i ∈ {1, ..., I}. This kind of decreasing power
spectra is chosen to describe smooth flux distributions (diffuse
emission structures) as, for example, discussed in Hensley et al.
(2013). From such power spectra with arbitrarily chosen param-
eters ai = {1, 0.5, 3}, αi = {3, 3, 4}, and `i = {1, 2, 1} respectively,
three physical cause fields gi(x) are randomly drawn. Further,
we emulate several physical phenomena by analytical functions.
The Galactic disk profile is reproduced using a Gaussian along
the Galactic latitude l
h(x) = e−
l(x)2
L1 + e−
l(x)2
L2 (7)
with L1 = pi/1000 rad for the thin disk and L2 = pi/20 rad for the
thick disk component. We combine the causes and the profile
into physical components to
ρi(x) = eh(x)+gi(x). (8)
Then, these components are combined into flux magnitudes, our
observables, according to
dk(x) = ln
∑
i
Bki ρi(x)
 . (9)
(a)
(b) (c)
Fig. 1: Three of the six simulated Galactic all-sky maps; loga-
rithmic scaling. Panel (a) shows the simulated Galactic all-sky
map Mock I, panel (b) Mock II, and panel (c) Mock III.
Here, B is a mixture matrix that we set up to give the mock data a
realistic-looking level of complexity. We experimented with sev-
eral such matrices until we found one that provides a sufficiently
difficult problem to the GMM, while producing sky maps that
a layman could confuse with Galactic all-sky observations. For
the mixture matrix B as well as for the schematics of the mock
setup see Appendix A.
The resulting data set consists of six different simulated all-
sky maps representing arbitrary frequency bands of which we
show three in Figure 1. First, Figure 1a presents the Galactic all-
sky map Mock I, whose reconstruction is to be achieved in the
following analyses. Figures 1b and 1c display two of the remain-
ing five simulated maps. Here, Figure 1b contains mainly the
mixture of two of the causes, one providing the smooth Galactic
latitude profile and the other creating few but pronounced fila-
ment structures. The same holds also for Figure 1c, where the
third cause yields strong and detailed filaments that are also vis-
ible in Figure 1.
The mixture of the causes yielded very distinct and diverse
mock data sets. Although the mock sky fluxes are simply linear
superpositions of Gaussian random fields (multiplied by a galac-
tic profile function), the logarithm applied to these mixed fluxes
rescales them nonlinearily. The GMM will be exposed to those
log-fluxes, or magnitudes, without having a concept of this non-
linear operation built in. Therefore, this mock data is challenging
the abilities of the GMM with structures and internal relations
that partly resemble the complexity of the Galactic reality.
3.2. Reconstruction
First, we show that the computed probability distribution
P(d1, ..., dn) of the GMM with K = 9 Gaussians trained with
the six simulated all-sky maps at nside = 128 allows to recon-
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(a) (b)
(c) (d)
(e) (f)
Fig. 2: Reconstruction and resolution improvement of Mock I. Note the different color bars for the maps on the left and right,
respectively. The GMM is trained with K = 9 Gaussians, and the predictions are determined from the CPD marginalized over the
respective Mock I data set. Panel (a): Prediction of Mock I. Panel (b): Difference between the original Mock I map and the prediction,
RMS = 0.05. Panel (c): Smoothed map of Mock I. Panel (d): Difference between the original Mock I map and the smoothed one,
RMS = 0.23. Panel (e): Prediction of the smoothed Mock I map. Panel (f): Difference between the original Mock I map and the
prediction based on the smoothed one, RMS = 0.17.
struct the original data. For spherical all-sky maps in HEALPix
format the parameter nside defines the number of pixels npix by
npix = 12 · nside2 (Górski et al. 2005). We determine the ex-
pected magnitude value for each pixel from the deduced CPD
(Eq. 4) of the GMM output. The prediction (Fig. 2a) based on
the five remaining maps shows that the reconstructed map agrees
well with the original map. This is supported by the difference
map shown in Fig. 2b, which represents the pixel-wise subtrac-
tion of the predicted map from the original data. While there are
differences visible especially in the eastern side of the map, these
differences are small compared to the original pixel values.
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To quantitatively assess the difference between the original
and the predicted map the root mean square (RMS) of the values
in the difference map is computed, with an RMS of zero meaning
complete agreement between the two maps. By that, the RMS
measures the accuracy of the prediction and assesses the quality
of the different GMM input selections (see also Sec. 3.3 and 3.4).
We compare the RMS at the end of each subsection.
In case of this reconstruction we determined an RMS value
of 0.05 for the difference map shown in Figure 2b. Comparison
with the following RMS values shows the high accuracy of the
reconstruction.
3.3. Resolution improvement
In the following, the usage of the GMM for resolution im-
provement is discussed. The selected mock sky map (Fig. 1) is
smoothed using a Gaussian kernel with σ = 0.03 rad simulat-
ing the situation of a lower resolved map. This lower resolved
map shall be improved by predicting small-scale structures us-
ing a GMM trained with the low-resolution map and the remain-
ing high-resolution maps. Since the original data of Mock I is
known but not used for training, we can evaluate how effective
the GMM is in sharpening up resolution.
The smoothed map of Mock I in Figure 2c displays a signif-
icant loss of detail, which is reflected by the small-scale resid-
uals in the difference map (Fig. 2d). We train the GMM with
the smoothed map and the remaining five other maps and then
use it to reconstruct Mock I. While certain individual structures,
which are not distinctively contained in the other data sets used
in the GMM, cannot be reconstructed successfully (compare Fig-
ure 2f), the overall resolution can be significantly improved with
respect to the map used in the training, as it can be seen in Fig-
ure 2e.
The original magnitudes are more accurately reproduced for
the bright regions in the simulated Galactic disk than for the
dimmer pixels at higher latitudes. However, the magnitudes of
the predicted small-scale structures of brighter pixels are under-
estimated and therefore not reproduced completely. This under-
estimation of the magnitudes can be minimized by using more
Gaussian components during the training phase.
We compute an RMS of 0.23 for the difference between the
original Mock I and the smoothed sky map (Fig 2d), and an RMS
of 0.17 for the difference between the original and the predicted
smoothed (but resolution improved) data set of Mock I (Fig 2f).
Further, we analyze the different power spectra shown in Fig-
ure 3. We find while the power spectra of the smoothed Mock I
map (orange) is different from the one of the original map (blue)
due to the smoothed high frequencies that the one of the pre-
diction of the smoothed Mock I map (green) suits to the original
one. In particular, the green graph has the same shape and struc-
ture (peaks and dips) as the blue one. That the green graph is
below the blue one can be traced back to the fact that the mag-
nitudes in the resolution improved regions are slightly underes-
timated as discussed above. Overall, this shows that the predic-
tion significantly increases the resolution of the smoothed data
set and that the GMM is able to predict real small-scale struc-
tures as shown by the power spectra, which is good agreement
with the original map.
It is noteworthy that the larger the mutual information con-
tent is between a low-resolution map and higher resolved maps at
other frequencies, the closer the reconstruction is to the original
map. This effect of different mutual information during training
process is discussed in more detail in the following section.
Fig. 3: Power spectra of the Mock I (blue), smoothed Mock I (or-
ange), and the prediction of the smoothed Mock I map (green)
in logarithmic scaling. This indicates that the prediction of the
GMM for the smoothed Mock I map suits well in shape and
structure (peaks and dips) to the original map.
3.4. Restoring unobserved areas
With the mock data we are also able to simulate incomplete sky
maps demonstrating the ability of the GMM to predict nonob-
served parts of the sky in a given frequency range. Therefore,
only subsets of the selected Mock I map are used for GMM train-
ing in addition to the remaining five complete maps. Thereafter,
we predict the full Mock I map using the GMM trained on only
parts of it given the complete all-sky information of the other
maps and compare the prediction with the original data set.
In Figure 4a Mock I is predicted using only the information
of the disk of Mock I based on a 20◦ wide stripe centered on
latitude zero for the GMM training. As expected, the predic-
tion suffers from the loss of information on the weaker emis-
sion above and below the disk, which is evident by the signifi-
cant differences there to the original data (Fig. 4b). Nevertheless,
several distinct bulge and halo features have been reconstructed,
demonstrating that the information given by the other maps is
used effectively to reconstruct the missing information. The disk
profile itself is reconstructed accurately, albeit the bright struc-
tures within the disk are underestimated as can be seen in the
prominent flux differences in the disk (Fig. 4b).
Here, a limit of the reconstruction from the GMM becomes
evident, since, although the local Galactic latitude profile as well
as the filamentary emission profile is contained in the selected
disk area for training, these profile levels are not reconstructed
in the prediction. These profile magnitudes cannot be recovered
from the Galactic disk information alone. Furthermore, there are
structures in the disk area, and therefore in the training set, that
are less well reconstructed than by a GMM that had been trained
on the full sky (compare Fig. 4b to Fig. 2b). However, adding
already small parts of higher Galactic latitude regions of Mock I
to the training data enables the GMM to reproduce the original
sky with a much higher fidelity as discussed in the following.
Figure 4c displays a similar input situation for training the
GMM. Here, we added a 10◦ wide stripe along the Galactic lat-
itude 40◦ south of the disk from Mock I to the training process.
This additional data already vastly improves the prediction qual-
ity of the GMM trained with it, since it contains information
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(a) (b)
(c) (d)
(e) (f) Difference between the original Mock I map and the prediction com-
puted from the southern hemisphere information, RMS = 0.07
Fig. 4: Simulation of the restoration of unobserved areas. The GMM is trained with K = 9 Gaussians using different observed parts
of the whole sky from Mock I and the full maps of Mock II–VI. The predictions are determined from the CPD marginalized over
the respective partial maps of Mock I. Panel (a): Prediction of Mock I with only the disk information as GMM input. Panel (b):
Difference between the original Mock I map and the prediction computed from only the disk information, RMS = 1.64. Panel (c):
Prediction of Mock I with the disk and only a small part of the southern hemisphere information as GMM input. Panel (d): Difference
between the original Mock I map and the prediction computed from the disk and a small part of the southern hemisphere background
information, RMS = 0.14. Panel (e): Prediction of Mock I with only the southern hemisphere information as GMM input. Panel (f):
Difference between the original Mock I map and the prediction computed from the southern hemisphere information, RMS = 0.07.
about the composition of the less bright areas. Also the fidelity
in the disk area improved by the inclusion of some nondisk data.
This is apparent especially in the corresponding difference map
(Fig. 4d) showing some inaccurate reconstruction predominantly
in the northern hemisphere but overall revealing only small dif-
ferences. However, the differences map also shows that the re-
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construction is significantly more accurate in the southern hemi-
sphere. This indicates that the GMM does not perfectly learn
the original relation used to construct the mock data (Eq. 9) but
partly the concrete realization of the random processes used to
generate a structured sky.
Comparing Figure 4d with Figure 2b reveals nearly the same
differences in the southern sky. We assume that they are caused
by the overall missing information in the whole data sets, since
most regions are mistakenly predicted for both cases. The effect
of the nonsymmetrical sky differences is minimized in the con-
cluding mock test example.
For this example the complete southern hemisphere of
Mock I has been used for training while the northern hemisphere
has been omitted. Although half of the information from the
selected map has therefore been ignored, the reconstruction in
Figure 4e is of a comparably high fidelity as the one based on
the all-sky map Mock I for GMM training (Fig. 2a). This good
achievement is presumably caused by the fact that all relevant
latitudes are trained, and also with the correct area ratios with
respect to each other. In short, the GMM could train on a fully
representative sample of magnitude vectors.
In comparison to the prediction calculated from a full map
with original resolution learned by the GMM (Fig 2a, RMS =
0.05) the quality of the prediction computed from a data set
with half of the information on Mock I is very similar (Fig 4e,
RMS = 0.07). The quality of the prediction computed from a
GMM trained with the information of the Galactic disk and a
small part of the Galactic latitude profile (Fig 4c) is half as accu-
rate with an RMS of 0.14 as the prediction using the full southern
hemisphere. However, the GMM should not be used to predict
the whole sky using only the disk information (Fig. 4a) since the
RMS value with 1.64 indicates significant discrepancies.
4. Data preparation
In the following, the method is applied to measured all-sky data
of the Milky Way. In this section we describe the steps of data
selection, homogenization, cleaning, and unification that were
necessary to prepare the data sets for the GMM training.
4.1. Selection criteria
To analyze the mutual information in the multifrequency magni-
tude space of the pixels ideally a total coverage of the frequency
space is needed, from radio to γ-rays. We used most of the cur-
rently available all-sky maps that are covering nearly the full
measurable electromagnetic frequency space for analysis. Our
selection of all-sky maps consists of the highest-resolved maps
available with at least 1◦ angular resolution and a spatial cover-
age of at least 80 % provided in HEALPix format.
If a frequency space is covered by multiple surveys, we used
the highest-resolved data set. Here, we did not used, for example,
the all-sky WISE 12 µm map provided by Meisner & Finkbeiner
(2014), whose frequency regime is also covered by IRIS. While
the WISE data is higher resolved, we used the IRIS map since the
WISE data include further calibration artifacts that would be re-
produced by the GMM. Furthermore, these small scale structures
additionally measured by WISE are smeared out when reducing
the resolution to the common 27′.5 (Sec. 4.3).
For now, partly measured all-sky surveys are not use in this
work to provide an as much as possible similar sky coverage
of the different maps. For example, we did not used the addi-
tional information that might be embedded in the UV regime
since the GALEX all-sky survey (Bianchi et al. 2017) suffers
from many unobserved regions. The choice of data sets is de-
scribed and listed in Appendix C.
4.2. Homogenization
The flux units of the original data sets were used as provided.
The sky brightness maps were converted to logarithmic magni-
tudes. This is problematic for maps, where a global zero level
has been subtracted by the actual measurement process. For ex-
ample, the Planck maps lack a zero level so that areas with nega-
tive flux values appear. About 20 % of the values are negative in
the Planck LFI data sets, hence this information would be miss-
ing in the GMM without correction. Therefore, an offset needs
to be added before a logarithm can be taken and further pro-
cessing with the GMM is possible. First, the flux minimum of a
map is subtracted from all pixels resulting in the lowest pixels to
be zero, which corresponds to unmeasured areas. To circumvent
this issue an adequate offset is defined as a small percentage of
the flux of the lowest nonzero pixel among the zero-level cor-
rected pixel values. During tests the summation of an offset of
0.1 % of the smallest positive values seemed adequate. By that,
the structural resolution (pixel to pixel contrast) is changed only
little.
Further, we reduced the noise level of the particularly noisy
X-ray data sets of the ROSAT survey, since the signal-to-noise
ratio is significantly inferior to the other data sets. For this, we
applied a smoothing with a Gaussian kernel by a width of σ =
0.002 rad (∼ 6.9 ′) to the data.
4.3. Cleaning and Unification
Since the provided data sets are not free of point, compact, and
extragalactic sources as well as calibration artifacts, we cleaned
all data sets except the γ-ray maps provided by Selig et al. (2015)
(see Appendix C). before training the GMM. We developed and
implemented a median replacement routine in Python for such
disturbing pixels. After cleaning, the resolutions of all the data
sets are unified. For this, each of the N = 39 data sets is down-
graded to the data set with the smallest provided resolution given
by nside = 128, which corresponds to a resolution of 27.5 ′
(Górski et al. 2005).
5. Results
The results discussed in the following are computed by GMMs
trained with a varying number of n ≤ N = 39 different multifre-
quency input data sets. Unless noted differently, the GMM uses
K = 3 Gaussian components for training. Pertinent sources are
marked in an example image in Appendix D, which we refer to
when comparing the predictions to the original data.
5.1. Reconstructing the X-ray sky
The X-ray regime is represented by the all-sky observation of
the ROSAT survey (see Appendix C). The original ROSAT map
(Fig. 5a) at a central wavelength corresponding to 0.855 keV
has been preprocessed as described in Section 4; the result is
shown in Figure 5b. By that, the point, compact, and extragalac-
tic sources have been purged, and the scanning artifacts have
been reduced.
The GMM is trained with n = 37 data sets. The omitted maps
are the two derived component maps of the γ-ray sky that are
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Fig. 5: Application of the point source removal routine and the GMM results for the ROSAT 0.885 keV map; logarithmic scaling.
Panel (a): Original ROSAT 0.885 keV map. Panel (b): 0.885 keV map after applying the point source removal routine. Panel (c):
Prediction of the 0.885 keV map computed from the GMM trained with K = 3 Gaussians and n = 37 data sets neglecting the γ-ray
component maps. The prediction is determined from the CPD marginalized over the X-ray regime. Panel (d): Difference between
the map shown in Figure 5b and the predicted 0.885 keV map, RMS = 0.35.
neglected since their information is redundant to the used Fermi
maps at different photon energies (see Appendix C).2 Figure 5c
displays the reconstructed 0.855 keV X-ray map. It is computed
by the output of the trained GMM, which is marginalized over
all the X-ray maps.
First, we find that the reconstructed map (Fig. 5c) carries
much fewer observational artifacts compared to the original data.
That means that the scanning effects, which can be identified by
the stripe-like pattern in Figure 5b, are eliminated entirely. Ad-
ditionally, we find that the high density gas and dust component,
visible as dark filaments dominant in the outer disk regions in
Fig. 5c, is clearly higher resolved in our reconstruction compared
to the original map. It now reveals structures that reach far into
the direction of the northern Fermi bubble toward the Ophiuchus
region.
However, there is a lack of faint X-ray structures in the
Galactic high-latitude regions of the reconstruction. This issue
can be circumvented by increasing the number of Gaussian com-
2 Redundant information (data sets that are included in other data sets)
is not used since it would need to be trained in the GMM additionally,
which reduces its accuracy. This effect is not negligible as we only use
three Gaussian to train this hypersurface of data points.
ponents in the GMM training, but this would also increase the
influence of artifacts in the results since those are then learned
as well, as our experiment with K > 3 revealed (see Appendix
E).
The North Polar Spur, which is also contained in, for exam-
ple, radio continuum and γ-ray observations, is reconstructed, al-
beit fainter than in the original data. The spur-like outflow south
of the Galactic plane, however, could not be reproduced. Ad-
ditionally, the strong outflow emission in the direction of the
southern Fermi bubble has not been reconstructed correctly and
shows less detail than in the original data. The outer emission
around the southern Fermi bubble is missing completely, which
is visible as the significant flux discrepancy in the difference map
(Fig. 5d). The same applies to the bright regions of Vela and
Cygnus X as well as the large diffuse emission region south of
the Orion region close to the right edge of the map.
With respect to the reproduced map computed from a GMM
trained with K = 18 Gaussians (Fig E.1 in Appendix E), these
missing reconstructions show that independently of the number
of Gaussians the GMM is not able to identify the correlations
between the used data sets for these magnitudes. Overall, the
underestimated magnitudes of these pronounced regions in the
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predicted map clearly indicate that the original X-ray map con-
tains emission from at least one independent component that is
not encoded in the other frequency regimes. This component is
identified by the brightest emission in the difference map. This
is also supported by comparison of the RMS values, which are
0.35 and 0.31 for K = 3 and K = 18 Gaussians, respectively.
In case this independent component was included in the other
frequency regimes we would expect the prediction with K = 18
Gaussian components to be able to reproduce this feature, which
is not the case (compare Fig. E.1b).
Furthermore, the southern Fermi bubble itself is visible in
the reconstructed map although, by eye, it does not seem to be
present in the original data. This can be attributed to the fact
that the GMM is not learning the spatial but the magnitude
correlations. This means that the GMM is trained by each n-
dimensional pixel vector separately excluding any spatial infor-
mation. By that, the GMM measures the distribution of the pixel
vectors by their probabilities in the magnitude space. Hence, the
γ-ray magnitudes of the southern Fermi bubble classify the X-
ray emission in direction of the southern Fermi bubble. Never-
theless, the northern Fermi bubble cannot be clearly identified as
a separate emission structure. However, we argue that this is due
to the strong surrounding emission, which encloses the Fermi
bubble. As discussed later on, a presumably similar situation
is visible in the Fermi 1.70 GeV map, where the Fermi bubble
emission is present, as it is evident from the leptonic component
map shown in Figure 7b, but cannot easily be identified in the
original map (Fig. 6b).
Thus, we find that the multifrequency magnitude distribu-
tion includes the information that the Fermi bubbles are a feature
contained also in the X-ray regime. This finding agrees with the
analysis by Su et al. (2010) who claim that at least the edges of
the Fermi bubbles can both be identified in the ROSAT maps by
comparison to the γ-ray data of the Fermi LAT satellite.
5.2. Sharpening up the γ-ray sky
The γ-ray sky has been observed the Fermi LAT satellite. All-
sky maps computed from this observation have been published
for nine different energy bands by Selig et al. (2015) (see Ap-
pendix C). These were determined from the photon counts mea-
sured over 6.5 years (Fig. 6a) with D3PO (Selig & Enßlin 2015),
an algorithm for denoising, deconvolving, and decomposing. 3
The map at 1.70 GeV reconstructed from the Fermi data by these
authors is displayed in Figure 6b. It is one of the lowest-resolved
maps in our data sample. Compared to the maps at other frequen-
cies, the small-scale variations within the diffuse emission struc-
tures are much less detailed. However, this data set provides in-
formation about the γ-ray sky that faintly contains features such
as, for example, the northern and southern Fermi bubble.
Here, the GMM is again trained with n = 37 data sets, where
the redundant information of the Fermi component maps is ex-
cluded from the training sample. The GMM prediction of the
1.70 GeV map based on all non-γ-ray maps is shown in Fig-
ure 6c. This displays a significantly improved resolution reveal-
ing more detailed filaments and more compact appearance of
slightly extended sources, such as the North Polar Spur and the
Magellanic Clouds. Here, the Large Magellanic Cloud appears
more dominant and the Small Magellanic Cloud can be easily
identified. The Galactic disk is reconstructed and also higher re-
3 For our analysis we are dependent on the D3PO-separated Fermi data
sets. A more recent separation for the updated Fermi LAT observation
is in preparation but not available yet.
solved. This is visible at the outflow structures of the outer disk
regions, for example, the Perseus, Taurus, and Orion region as
well as the central filaments in the direction of the Fermi bub-
bles. These outflows are now clearly defined in shape and struc-
ture.
The emission of the southern Fermi bubble, however, is miss-
ing nearly completely from the reconstructed image. This miss-
ing flux becomes evident in the difference map (Fig. 6d). This
could be attributed to the fact that the GMM has been trained
with only K = 3 Gaussians. In case of the Fermi bubble its emis-
sion is not separately visible in the other data sets, but it could be
contained in their faint diffuse background emission outshined
by the other large-scale Galactic outflows. This embedded infor-
mation, however, can be extracted by training the GMM with a
higher number of Gaussian components.
For that, the number of Gaussians has to be selected so
that overfitting4 is avoided. Additionally, in case of using many
Gaussians the GMM could be able to learn local information
from the magnitude space input, which we also circumvent. As
an example, a reconstruction with K = 18 Gaussians is shown
in Figure 6e, where the southern Fermi bubble is nearly com-
pletely recovered. A comparison of the RMS values reveals this
improvement. While the difference map between the original
data sets and its prediction computed from a GMM trained with
K = 3 Gaussians provides an RMS of 0.13 (most of the de-
viation is due to the resolution improvement), the RMS of the
prediction computed with K = 18 shows less deviation with an
RMS of 0.10.
However, the southernmost part is still missing (Fig. 6f) in-
dicating that the γ-ray sky contains at least one physical process
that cannot be re-predicted from the other frequency regimes.
This is supported by the fact that a choice of even more Gaus-
sians does not improve the reconstruction of the southernmost
part significantly.
We find that the resolution of the Fermi data at 1.70 GeV is
significantly improved using a GMM trained with only K = 3
components. The faintest emission structures (i.e., the Fermi
bubbles) are determinable from a GMM trained with K = 18
components. However, we find γ-ray structures that cannot be
reproduced from the other frequency regimes. Therefore, the
southernmost part of the Fermi bubble seems to be special in
comparison to other areas of the sky.
5.3. Restoring the hadronic sky
In Selig et al. (2015) the spectral information of the diffuse γ-
ray flux has been used for a sky decomposition (Selig & Enßlin
2015) into two component maps, which are claimed to represent
mostly the hadronic and leptonic interactions of cosmic rays with
the ISM, respectively. The spatial resolution of these maps is low
compared to our maps in other frequency regimes (Fig. 7a, 7b).
For restoring the hadronic component map the GMM is
trained with n = 30 data sets and K = 3 Gaussians. Here,
the information of the nine Fermi frequency maps is excluded
from training, since they are redundant to the derived component
maps. The magnitudes in Figure 7c are computed from the deter-
mined CPD marginalized over the leptonic component. It shows
a significant increase in resolution similar to the improvement
we found in the reconstructed 1.70 GeV map. However, here we
find an even stronger quality increase in structural detail all over
4 Overfitting means an overly precise representation of the data by
the Gaussians so that the underlying information is less accurately ab-
stracted. For further detail see, e.g, Bishop (2006)
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Fig. 6: GMM results for the Fermi 1.70 GeV map; logarithmic scaling. The predictions are computed from the GMM trained with
n = 37 data sets neglecting the γ-ray component maps. The predictions are determined from the CPD marginalized over the γ-ray
regime. Panel (a): Total photon flux reconstructed from photon count data of 6.5 years mission elapsed time in the complete Fermi
frequency range (Selig et al. 2015). Panel (b): Fermi 1.70 GeV map after application of the D3PO algorithm. Panel (c): Prediction
of the 1.70 GeV map with K = 3 Gaussians. Panel (d): Difference between the original and predicted 1.70 GeV map, RMS = 0.13.
Panel (e): Prediction of the 1.70 GeV map with K = 18 Gaussians. Panel (f): Difference between the original and predicted 1.70
GeV map with K = 18 Gaussians, RMS = 0.10.
the map. Small compact regions such as the Taurus, Perseus, and
Orion regions become visible in their filament structures. The
Magellanic Clouds, the Ophiuchus region, and the central Galac-
tic outflows into the southern hemisphere emerge from the lo-
cal diffuse background revealing detailed small-scale variations.
The filament structures of the North Polar Spur are now highly
resolved. Additionally, the predicted map is free of artifacts.
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The original map contained an empty region, displayed in
Figure 7a. This region was assumed to be of solely leptonic
origin in the original decomposing process and no flux in that
region was attributed to the hadronic component. We are able
to predict this missing part of the sky without visible arti-
facts yielding a completely covered high-resolution hadronic
component map. Most of the structures seen in the difference
map (Fig. 7e) are attributed to the fact that these are more
extended in the lower-resolved original map in comparison to
the higher-resolved reconstruction. This disparity in resolution
leaves residues in the difference map.
5.4. Predicting the leptonic sky
Figure 7b shows the γ-ray sky presumably from leptonic origin,
as provided by Selig et al. (2015). The northern and southern
Fermi bubbles are clearly visible. This map carries imaging ar-
tifacts, most prominently the splitting of the Galactic emission
into two layers with a gap in the middle. We will study how the
GMM deals with such unusual structures. To this end, we again
use the GMM trained with n = 30 data sets as in the previ-
ous section. The prediction of the leptonic component is deter-
mined from a CPD marginalized over the hadronic component
and conditioned on all non-γ-ray maps. The resulting prediction
shown in Figure 7d has a higher spatial resolution as the orig-
inal leptonic γ-ray map. The artificial splitting of the original
map is largely reduced. The Cygnus X and Vela regions and their
surroundings are higher resolved and show considerable detail.
These regions are pronounced in the leptonic prediction com-
pared to the hadronic prediction. This would attribute these fea-
tures to mainly leptonic origin as has been assumed from the de-
composition by Selig et al. (2015). The gap in the Galactic disk
of the original leptonic map (Fig. 7b) is now filled as well. How-
ever, in this case we find clear residuals of the gap in contrast
to the smooth prediction of the hadronic emission at locations
where the original map clearly shows artifacts (see Fig. 7d).
The Fermi bubbles, which are pronounced in the original
map, however, have not been recovered by the GMM in their
distinct shape. This can be seen clearly in the difference map
(Fig. 7f). The γ-ray emission of the North Polar Spur, on the
other hand, is predicted as part of the leptonic emission, although
it is almost absent in the original leptonic component map and is
rather seen as a clear feature of the original hadronic sky. While
the component separation yielded a clear separation attributing
the North Polar Spur to solely hadronic interactions, the GMM
identified a correlation of the magnitudes that partly ascribes the
structure forming the North Polar Spur also to leptonic interac-
tions.
Thus, the GMM prediction partly contradicts here the origi-
nal decomposition by Selig et al. (2015). That original decompo-
sition was based on spectral similarity in the γ-ray regime with
the southern Fermi bubble for the leptonic component, and with
a western Galactic disk cloud complex for the hadronic compo-
nent, respectively. The GMM, on the other hand, searched for
correlations of these γ-ray components with structures in other
frequency regimes. It therefore seems that the material forming
the North Polar Spur lets the GMM expect predominantly lep-
tonic emission from there, although the γ-ray spectrum points
toward hadronic emission. Since the used spectral templates for
the original decomposition had different spectral slopes, with
the hadronic template being steeper, a cooled electron popula-
tion in the North Polar Spur region might just have mimicked
a hadronic component in the original decomposition. However,
from the GMM predictions we find that these structures are not
congruent but rather a tripartition of a common larger structure
building the North Polar Spur. The hadronic component consti-
tutes the inner and outer arch shape, and the leptonic component
the space in between.
Furthermore, the Large Magellanic Cloud emerges in the
leptonic prediction as a small, dense region. In the hadronic pre-
diction, however, it is seen as a more extended structure. We as-
sume that this difference in apparent morphology coincides with
our impression from the Galactic decomposition. That means
that it might be reasonable to assume that the leptonic emission
is more concentrated to the central region propagating along the
Galactic latitude, while the hadronic emission is more diffuse
and spread along the Galactic plane with a smaller perpendicular
extent. This separation might hold for the Milky Way as well as
for the Large Magellanic Cloud. Further, the GMM is dominated
by the magnitude correlation of the Milky Way such that this in-
terpretation might be biased by the distribution of the Galactic
hadronic and leptonic component.
We find additional artifacts all over the predicted map, seen
most noticeably in the central region north and south of the
Galactic plane. These can be attributed to the other maps, such
as the unobserved stripes of the AKARI survey or the scanning
lines of the ROSAT survey (see Appendix C).
Concluding, we find that, while we produced a higher-
resolved leptonic component map, this prediction reveals some
limitations of the GMM applied to this data set. Since this data
set is affected by several artifacts, the GMM is reproducing their
distribution instead of weak embedded emission of, for exam-
ple, the Fermi bubbles. The usage of more Gaussians might cir-
cumvent the issue of weak structures, however the usage of less
Gaussians is reducing the contamination of the artifacts. The
GMM prediction of the proposed leptonic γ-ray sky of Selig
et al. (2015) might have revealed a misclassification of parts of
the North Polar Spur γ-ray flux to the hadronic component. Al-
though the GMM was trained on a more hadronic North Polar
Spur model, it clearly prefers a more leptonic emission model.
5.5. Inspecting physical connections
The GMM predictions of the individual sky maps and frequency
regimes work relatively well since the information about the
presence and magnitude of a component is also stored in other
frequency maps. We ask which other frequency maps carry the
relevant information of the hadronic and leptonic component
maps. To this end, we assess how much the two γ-ray component
maps are determined by the separate other frequency regimes.
Therefore, we again use the GMM trained with n = 30 data sets
to predict each γ-ray component.
We find that combining the Planck HFI and infrared data to-
gether with the CO dust component (see Appendix C) permits
the GMM output marginalized over the remaining frequency
regimes to predict the hadronic component map (Fig. 8a) with
almost identical accuracy as when using all available frequencies
except for the γ regime (Fig. 7c). Including the CO line emission
yielded a more accurate reconstruction of the Galactic disk emis-
sion. This is in perfect agreement with the interpretation that the
origin of the hadronic radiation coincides with the location of
high dust concentration as dust reveals dense environments in
which hadronic interactions of cosmic rays are abundant (Slane
et al. 2015 and Dermer et al. 2013, and references therein). This
also agrees well with the findings of Selig et al. (2015).
The difference map (Fig. 8b) shows only small variation
with some flux missing especially around the Small Magellanic
Cloud. Hence, the radiation of the ISM observed in the other
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Fig. 7: GMM results for the claimed hadronic and leptonic component; logarithmic scaling. The predictions are computed from
the GMM trained with K = 3 Gaussians and n = 30 data sets neglecting the γ-ray signal maps. The predictions are determined
from the CPD marginalized over the γ-ray component maps. Panel (a): Original hadronic component. Panel (b): Original leptonic
component. Panel (c): Predicted hadronic component. Panel (d): Predicted leptonic component. Panel (e): Difference between the
original and predicted hadronic component. Panel (f): Difference between the original and predicted leptonic component.
used frequency regimes seems to play a minor role. To substan-
tiate this claim, we predicted the hadronic component map given
only the radio continuum, the Planck LFI, and the X-ray data
sets, which we find to be mainly connected to the leptonic radi-
ation, as demonstrated later on. This prediction (Fig. 8c) shows
an inferior reconstruction of only a part of the original features.
Especially, this prediction suffers from artifacts contained in the
original data sets. The influence of the artifacts as well as the low
accuracy of the prediction is significantly reflected in the strong
remaining magnitudes in the difference map shown in Figure 8d
as well as its RMS value of 0.31, which is much larger than the
RMS of 0.12 of Figure 9a.
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Fig. 8: GMM results for the composition of the hadronic component; logarithmic scaling. The predictions are computed from the
GMM trained with K = 3 Gaussians and n = 30 data sets neglecting the γ-ray signal maps. The predictions are determined from the
CPD marginalized over the γ-ray component maps. Panel (a): Preditiction of the hadronic component given the CO-line emission,
the Planck HFI maps, and the infrared regimes. Panel (b): Difference between the prediction of the hadronic component given all
frequency regimes except the γ-ray regime (Fig 7c) and the selection of frequency regimes of Figure 8a, RMS = 0.12. Panel (c):
Preditiction of the hadronic component given the radio continuum emission, the Planck LFI maps, and the X-ray regime. Panel (d):
Difference between the prediction of the hadronic component given all frequency regimes except the γ-ray regime (Fig 7c) and the
selection of frequency regimes of Figure 8c, RMS = 0.31.
The spatial information for the re-predicted leptonic emis-
sion, however, can be traced back to the contributions of mainly
the X-ray, the Planck LFI, and the radio continuum (i.e., syn-
chrotron) emission, as can be seen in Figure 9a using only these
parts of the multifrequency data sets for prediction. Compared
to the overall similar prediction using all frequency ranges ex-
cept the γ-ray regime (Fig. 7d) the disk emission is better re-
constructed disposing of the splitting along the Galactic plane.
The influence of artifacts, especially in the outer disk regions,
is highly reduced yielding an overall smooth prediction. Both
effects are visible in the difference map shown in Figure 9b.
Including also the Planck LFI synchrotron emission yielded a
slight increase in resolution and contrast such that the south-
ern Fermi bubble is marginally better separated from the local
background. The regions around Cygnus X and Vela are better
reproduced.
The leptonic γ-ray emission is generated by inverse Compton
scattering of the Galactic photon field by relativistic electrons
(Strong et al. 2007; Dermer et al. 2013). The presence of the
latter might coincide with hot gas visible in the X-ray regime
and with radio synchrotron emission if these relativistic electrons
reside in magnetized areas.
To test this assumption that the leptonic component is pre-
dominantly describable by the radio continuum emission, the
Planck LFI, and the X-ray regime we compute the prediction
of the leptonic component map given only the data containing
the thermal dust emission. This prediction of the leptonic com-
ponent from a CPD that includes the CO-line emission, the in-
frared, and the Planck HFI regime marginalized over the remain-
ing frequency regimes is shown in Figure 9c. Here, the unwanted
reconstruction of the disk splitting becomes visible again, and
the emission from the outflow regions above and below the disk,
especially the North Polar Spur and the Fermi bubbles, is miss-
ing almost entirely, which becomes evident in the difference map
(Fig. 9d). Additionally, the influence of the artifacts contained
in the original data sets becomes extensive. This influence is
reflected in the significantly differing RMS values of 0.16 for
the prediction composed of the synchrotron emission and X-ray
maps and 0.23 for the dust emission maps. We conclude that the
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Fig. 9: GMM results for the composition of the leptonic component; logarithmic scaling. The predictions are computed from the
GMM trained with K = 3 Gaussians and n = 30 data sets neglecting the γ-ray signal maps. The predictions are determined from
the CPD marginalized over the γ-ray component maps. Panel (a): Preditiction of the leptonic component given the radio continuum
emission, and the Planck LFI and the X-ray regime. Panel (b): Difference between the prediction of the leptonic component given
all frequency regimes except the γ-ray regime (Fig 7d) and the selection of frequency regimes of Figure 9a, RMS = 0.16. Panel
(c): Preditiction of the leptonic component given the CO-line emission, and the Planck HFI and the infrared regimes. Panel (d):
Difference between the prediction of the leptonic component given all frequency regimes except the γ-ray regime (Fig 7d) and the
selection of frequency regimes of Figure 9c, RMS = 0.23.
leptonic γ-ray emission is not well encoded with tracers of the
dense ISM.
6. Conclusions
6.1. Machine learning lessons
We investigated the mutual information of Galactic all sky maps
in various frequency ranges. For this, we trained a GMM on the
magnitude vectors of the pixels of a common sky pixelization
into which we transformed a set of 39 maps. The GMM rep-
resentation of the magnitude vector distribution could then be
asked to reconstruct individual maps pixel by pixel from subsets
of other maps. Thereby, we could test how well the magnitudes
of the other, complementary maps encode the original one and
therefore how well the physical phenomena visible in the maps
are connected.5 This method managed to
5 All the presented maps can be downloaded from
https://wwwmpa.mpa-garching.mpg.de/ift/data/sharpening_up_galac-
tic_sky_maps/
– partially heal imaging artifacts,
– complete incomplete maps to a certain degree,
– improve the resolution of low-resolution maps (by transfer-
ring the information of the image structure from complemen-
tary maps to the target map),
– reveal sky structures genuine to some frequency regime (al-
beit failing to reconstruct them fully), and
– point out potential inconsistencies in maps (by proposing
that certain structures are absent or present in disagreement
with the training data).
All these achievements of the method are based to a varying de-
gree on its failure to reconstruct the original map exactly. In the
training phase the GMM abstracted relations between the differ-
ent magnitudes and then used these relations to complete the in-
complete magnitude vectors from subsets of the original training
data. The abstraction was coarse, as we used only three Gaus-
sian components to represent the magnitude distribution in 30
to 37 dimensional magnitude spaces. Peculiarities, as generated
for example by imaging artifacts in individual bands, which do
not have counterparts in other bands, where thereby erased from
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the relation in the coarsely grained representation of magnitude
vector distributions by the GMM. This allowed the GMM to cor-
rect image artifacts, to fill in empty regions, to transfer resolution
between maps, and to deviate in the reconstruction from the orig-
inal maps in areas where a map seems to be inconsistent with the
conditions indicated by the complementary set of other maps.
The results of the GMM should be taken with a grain of salt.
As the GMM does not have a real understanding of the astro-
physical relations, it can not really distinguish between image
artifacts and real emission. It just happens that many of such
artifacts are difficult to be represented by the GMM and there-
fore erased in the procedure of predicting a trained map from
other maps. With increasing sophistication of the modeling of
the magnitude distribution, which can be achieved by increasing
the number of Gaussian components in the internal representa-
tion of the GMM, the GMM starts to reproduce more and more
of the artifacts of the original map. As this is not wanted, two
strategies to regularize the solutions can be used:
The one applied here is regularization by stupidity. We just
did not provide the GMM with sufficient degrees of freedom, in
other words the number of Gaussian components, to accurately
represent the training distribution, so that it ignored peculiari-
ties. The right level of intelligence of our GMM had to be found
by trial and error and on the basis of our physical insight into
the correctness of the reconstructed maps. Our choice of three
Gaussians was based upon that this number gave sensible look-
ing and physically plausible results. It would be better to include
our physical insight directly and explicitely into the method.
Thus, a better approach would be regularization by physi-
cal insight. That would require that training of the GMM would
be guided by priors that encode physical knowledge on the phe-
nomena under study. Here, only an inverse Wishard prior was
present that gave a moderate preference for compact Gaussians
while preventing individual Eigenvalues of the covariances of
the Gaussians to collapse to zero. This is only a minimalist’s
prior, mostly aimed at stabilizing the numerical machinery of
GMM training. The inclusion of physical priors, however, would
require much more conceptual work and argumentation. We
therefore leave it for future studies.
6.2. Astrophysical findings
Although the warnings spelled out above, that the GMM not nec-
essarily abstracts the physical relations but only what it is able
to identify in the data and to represent by its internal knowledge
representation, our experiments seem to provide a number of as-
trophysical insights. These should be regarded as suggestions of
a simple mind, our GMM with only three Gaussian components,
which, however, explored a high dimensional magnitude space
that is not that easily accessible for human brains. These sug-
gestions should be investigated by other means. However, we
think that many of these suggestions are plausible from a physi-
cal point of view. The fact that the GMM has literally no under-
standing of physical relation but can only reveal relations in data
sets in combination with the physical plausibility of these find-
ings can be counted as some support for them being real. The
astrophysical findings our GMM experiments suggest are:
Firstly, there exist sky structures that are genuinely rep-
resented in individual frequency bands. The brightness of the
North Galactic Spur or the Vela region in X-rays and in partic-
ular the southern Fermi bubble in γ-rays are not well encoded
into the magnitudes at other frequencies. They seem to be gen-
uine phenomena of the frequency bands in which they appear.
Secondly, the spectral decomposition of the γ-ray sky into
a predominantly hadronic and predominantly leptonic compo-
nent by Selig et al. (2015) is largely confirmed. The proposed
hadronic sky map is mostly encoded into tracers of the dense in-
terstellar medium, such as dust and CO lines, as it is expected
for γ-rays produced by cosmic ray protons hadronically inter-
acting with atoms (Dermer et al. 2013; Slane et al. 2015). The
proposed leptonic sky map is mostly encoded in the synchrotron
emission of the radio, the microwave (Planck LFI), and the X-
ray maps. This is also plausible, as the leptonic emission is due
to inverse Compton scattering of Galactic photons by cosmic ray
electrons. As the Galactic photon field is only smoothly struc-
tured, the leptonic map largely follows the cosmic ray distribu-
tion in the Galaxy that follows the hot ISM as seen in X-ray, and
reveals itself via radio synchrotron radiation.
Thirdly, the spectral decomposition of the γ-ray emission of
the North Galactic Spur, however, seems to be incorrect accord-
ing to the magnitude relations our GMM found. This expects for
the North Galactic Spur a predominantly leptonic component in
contrast to the original decomposition, which found a predom-
inately hadronic component there. This might indeed point to a
real classification error that could have a simple physical expla-
nation. The γ-ray-producing electrons in the North Galactic Spur
could have a steepened spectrum (due to radiative cooling pro-
cesses) with respect to other typical locations in the Milky Way,
and in particular with respect to the southern Fermi bubble, from
which the spectral template of the leptonic component was taken.
For that reason, the simplistic spectral fitting of the decompo-
sition performed by Selig et al. (2015) could have assigned its
γ-ray flux to the spectrally steeper hadronic component.
Finally, the hadronic γ-ray sky is expected to exhibit the fil-
igree structures of the cold, dense ISM visible in the Planck and
infrared dust maps if observed at higher resolution.
7. Outlook
Our study should be regarded as an exploration of what machine
learning can do with astrophysical data sets. It showed promis-
ing results but also shortcomings. In order to overcome the latter,
further studies and research is necessary. We anticipate the fol-
lowing research directions:
1. In our work, the regularization used was technically moti-
vated (Wishard prior) or ad-hoc (only three GMM compo-
nents used). The inclusion of physical knowledge (prior
knowledge) to guide training should lead to more reliable re-
sults that can also be extrapolated beyond the training data.
2. We had hoped that the association of the individual pix-
els with Gaussian components, which the GMM internally
does, would allow to decompose the sky into line of sights
dominated by individual ISM phases, such as the hot, warm,
and cold ISM. Visual inspection of such main component
maps (see Appendix F) does not support this. Nevertheless,
an automatic classification of different astrophysical envi-
ronments might be possible, maybe by using other machine
learning tools such as self organized maps (Kohonen 1982;
Frank et al. 2016).
3. The relation found in the data and exploited so far for the
(re-)prediction of maps were purely statistical. An alterna-
tive route to putting in physical priors could be the detec-
tion of physical relations (abstraction). Deep neuronal net-
works (Bengio 2009) and in particular auto-encoder (Hinton
& Salakhutdinov 2006) are a promising route for this.
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4. The (re-)predicted maps lacked certain features. In princi-
ple, the information on them is available, as the original
maps having those features exist as well. Thus, the data fu-
sion of original and predicted maps could in principle com-
bine the advantages of both. This would require a stringent
information-theoretical treatment, as the original maps are
used twice in this process, once to train the machine and once
to guide the reconstruction. Information field theory (Enßlin
et al. 2009) is a suitable language for the necessary book-
keeping of uncertainties and information forces.
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Fig. A.1: Schematical representation of the setup of the simu-
lated Galactic all-sky maps, the green circles highlight the output
that is used for further analysis in Section 3
Appendix A: Additional information for the
simulation
Here, additional information is given on the simulated Galac-
tic all-sky maps. In particular, we present the mixture matrix B
and the setup of the maps schematically. As described in Sec-
tion 3.1 we use three different angular power spectra to simulate
Galactic all-sky maps mimicking diversity of real observations.
Figure A.1 summarizes the different steps that are applied to the
spectra.
The matrix B, which mixes the Gaussian random fields into the
six mock maps, is given by
B =

0.18 0 0.09
0 2.74 · 10−7 9.14 · 10−8
2 3 0
14.72 30.32 2.60
104 49 0.5
0 53.97 0.71

.
We choose this parameters via trial-and-error to mimic
Galactic all-sky maps with as diverse structures as possible.
Appendix B: Uncertainty estimate of the GMM
The GMM not only provides the posterior mean of a pixel mag-
nitude given other magnitudes but also posterior uncertainty in-
formation in form of a standard deviation. In Figure B.1 we com-
pare the absolute reconstruction errors (absolute values of the
original magnitudes minus reconstructed magnitudes) in panel
(a) to the GMM estimate of the posterior uncertainty in panel
(b). It is apparent that the GMM in this case is drastically under-
estimating the uncertainties. This overconfidence of the GMM in
its results is probably caused by the fact that Gaussians are not
well suited to represent fat-tail distributions.
0.003 2(a)
(b)
Fig. B.1: Comparison of the difference and error map directly
computed from the GMM; logarithmic scaling. Panel (a): Abso-
lute values of the difference between the original Mock I map
and the prediction computed from only the disk information.
Panel (b): Standard deviation pixel-wise computed for the pre-
diction of Mock I computed from only the disk information.
Appendix C: Selected data sets
We use a large set of currently available all-sky maps at frequen-
cies distributed over the whole electromagnetic spectrum to be
analyzed with the GMM. These maps are briefly described in
the following, and their relevant parameters are summarized in
Table C.1.
Haslam Continuum Survey (∼ 108 Hz)
In Haslam et al. (1982) and Remazeilles et al. (2015) observa-
tions of the Jodrell Bank MkI (1965–1966) and MkIA (1973–
1975), Bonn 100 m (1971–1972), and Parkes 64 m (1978) tele-
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scopes were combined to a 408 MHz all-sky map. It represents
the radio continuum synchrotron radiation at 408 MHz charac-
terizing the magnetic field perpendicular to the line of sight. The
provided data set is denoised, destriped, and only partly point
source removed.
HI4PI Line Emission Survey (∼ 109 Hz)
The HI4PI column density map has been observed by two sur-
veys, which share similar angular resolution and match well
in sensitivity (HI4PI Collaboration et al. 2016). Measurements
from these two surveys, the Effelsberg-Bonn HI survey (EBHIS,
2008–2013) and the Galactic All Sky Survey (GASS, 2005–
2006), are combined to a column density all-sky map observing
the 21 cm atomic neutral hydrogen line. The NHI map contains
Milky Way disk material, features residing in the halo, clouds,
and extragalactic objects.
1420 MHz Continuum Survey (∼ 109 Hz)
The measurements of the Stockert observatory (northern sky)
are combined with those of the Villa Elisa observatory (south-
ern sky) to an all-sky map (Reich 1982; Reich & Reich 1986;
Reich et al. 2001). These surveys also include the Galactic syn-
chrotron emission but at 1420 MHz measuring the radio contin-
uum around the 21 cm atomic neutral hydrogen line. Therefore,
the 21 cm line emission is blocked using a bandstop filter (Testori
et al. 2001). The provided map is contaminated by point, com-
pact, and extragalactic sources over the whole sky.
Planck Continuum and Line Emission Survey (∼ 1010 −
1011 Hz)
These and the two following data samples (AKARI and IRIS in-
frared surveys) are affected by zodiacal light and are background
corrected for its influence. However, considerable residuals are
still present in the data.
The Planck data was taken by two different instruments, the LFI
and HFI. They observed the microwave range in total intensity
and polarization (Planck Collaboration et al. 2016a). Here, we
only use the microwave emission in total intensity. With respect
to the analysis done in BICEP2/Keck Collaboration et al. (2015)
the LFI survey is predominantly observing synchrotron emis-
sion while the HFI survey is dominated by dust emission. The
provided all-sky maps are based on measurements from 2009 to
2013. All maps used here were corrected for the (CMB) tem-
perature fluctuations. Since the zero-level calibration does not
measure the absolute sky background, negative values appear by
CMB subtraction (Leahy et al. 2010; Lamarre et al. 2010; Planck
Collaboration et al. 2016e,c). Hence, an offset needs to be added
before further processing with the GMM. The maps are not pro-
vided point source corrected. There is a routine to extract the
sources used to generate foreground maps by Planck Collabo-
ration et al. (2016b), but its application to the single frequency
data is not published and therefore needs to be done again.
Planck CO Determined Line Emission (∼ 1010 − 1011 Hz)
Several foreground maps have been determined by Planck Col-
laboration et al. (2016b) measuring physical phenomena sepa-
rately. Since the CO line emission is implicitly measured by the
single frequency measurements it has been determined by the al-
gorithm described in Planck Collaboration et al. (2016b).
AKARI Continuum Survey (∼ 1012 Hz)
The AKARI satellite (Doi et al. 2015; Takita et al. 2015) is a
far infrared (FIR) survey in a regime, which is not observed with
IRAS. It contains the thermal radiation of heated interstellar dust
radiating in the FIR. Although the data are provided with point
sources removed, there are still distinct sources visible. Addi-
tionally, there are observational artifacts visible in form of thin
stripes.
IRIS Continuum Survey (∼ 1012 − 1013 Hz)
The InfraRed Astronomical Satellite (IRAS) provides all-sky
observations in the mid infrared (Neugebauer et al. 1984). In
the actual IRIS maps the latest data sets based on the measure-
ment from 1983 are published with several calibration advances
(Miville-Deschênes & Lagache 2005). It includes a correction
for zodiacal light, moving objects, and residual glitches, how-
ever leaving considerable zodiacal background residuals in the
data (except for the 100 µm measurement).
SHASSA, VTSS and WHAM Line Emission Survey
(∼ 1014 Hz)
The heterogeneous data of the Southern H-Alpha Sky Survey
Atlas (SHASSA, 1997–2000), the Virginia Tech Spectral-line
Survey (VTSS, before 2001), and Wisconsin H-Alpha Mapper
(WHAM, 1996–1998) were combined to an all-sky Hα map by
Finkbeiner (2003). Hence, the provided all-sky map shows a di-
versity in resolution and zero point calibration. This data set is
representing an all-sky description of the diffuse ISM distribu-
tion, measuring the hydrogen line emission at 656.3 nm.
ROSAT Soft-X-ray Continuum Survey (∼ 1019 − 1020 Hz)
The ROentgen SATellite (ROSAT) is an X-ray survey measuring
the diffuse components and point sources as well as scattered
solar photons and the particle background (Snowden et al. 1995,
1997; Freyberg 1998; Freyberg & Egger 1999) over the whole
sky. These maps are derived from the data that were collected
between 1990 and 1991. Due to the observation method stripes
appeared parallel to the scan direction that are unfortunately not
corrected in the maps provided in HEALPix format by Planck
Collaboration et al. (2016d), which are based on the original
data (Snowden et al. 1995). These stripes have been smoothed
using a Gaussian kernel with a width of σ = 0.002 rad (∼ 6.9 ′).
FGST (∼ 1023 − 1025 Hz)
The Fermi γ-ray Space Telescope (FGST) measures the γ-ray
sky from 0.55 GeV to 294 GeV (Ackermann et al. 2012). Most
photons in the GeV range originate from cosmic rays, hadronic
interaction of cosmic ray nuclei with the ISM, and inverse
Compton scattering of electrons with the background photons.
With the D3PO algorithm described by Selig & Enßlin (2015)
the data has been denoised as well as deconvolved and decom-
posed providing nine different diffuse emission maps (point-
source free) from the so-called hadronic and leptonic component
for the γ-ray sky (Selig et al. 2015) that were extracted by spec-
tral template fitting.
FGST–Derived Component Maps (∼ 1023 − 1025 Hz)
As mentioned above the provided FGST measurements are used
to decompose the γ-ray sky. This results in a two-component
description of which the authors claim that one component is
predominantly composed of leptonic and the other of hadronic
emission (Selig et al. 2015).
Appendix D: Milky Way Regions
We present the 408 MHz Haslam map in Figure C.1 to highlight
separate regions. These emission structures are marked in blue
and labeled by their literature name6. For the by-eye compari-
6 The designations follow the Galactic and extragalactic sources
from De Oliveira-Costa et al. (2008), http://sci.esa.int/jump.
cfm?oid=47340, and https://www.esa.int/spaceinimages/
Images/2007/07/All-sky_map_in_infrared_light_with_
constellations_and_star_forming_regions
Article number, page 18 of 22
Müller et al.: Sharpening up Galactic all-sky maps with complementary data
Fig. C.1: Pertinent regions of the Milky Way marked for further reference on top of the 408 MHz Haslam map; logarithmic scaling
son in Section 5 we focused on the Galactic center, the Perseus,
Taurus, Ophiuchus, Orion, Cygnus X, and Vela region, and the
Large and Small Magellanic Cloud as well as the North Polar
Spur. Furthermore, the areas we refer to as disk and high-latitude
regions are marked.
Appendix E: X-ray data reproduced with more
Gaussians
Here, we show the reproduction of the X-ray data set at
0.855 keV computed from a GMM trained with K = 18 com-
ponents in comparison to the reproduction computed with K = 3
components discussed in Section 5.1. We use the n = 37 input
data sets specified in Section 5.1. The reproduced map in Fig-
ure E.1a is showing minor improvements in resolution of the
magnitudes close to the noise level. Further, the magnitudes of
the missing component are slightly better reproduced, however
as discussed before a higher number of Gaussians cannot mea-
sure this emission.
The most noticeable difference to the reproduction shown in
Figure 5c is the influence of different artifacts such as the zodia-
cal light residuals and the unobserved stripes of the AKARI sur-
vey, as well as reproduction residuals (see, e.g, the region north-
east of the Large Magellanic Cloud).
Overall, the difference map in Figure E.1b does not show a sig-
nificantly improved reproduction of the X-ray data set in com-
parison to the difference map computed from a GMM trained
with K = 3 Gaussians (Fig. 5d). The reproduction computed
with K = 18 Gaussians is in comparison affected by artifacts.
Appendix F: Gaussian component analysis
Here, we analyze in which way the three GMM components rep-
resent the data. The hope is that the different components can
be associated with different phases of the ISM, such as cold,
warm and hot phases. To visualize the relation of pixels with
GMM components, we attribute each component k to a special
color ∈ {R,G, B} (with R, G, B representing red, green, and blue)
by computing the affiliation of each pixel i to each component k
via
colork = ln
(
pik
1√|2piΣk |
exp
{
−1
2
(di − µk)Σ−1k (di − µk)T
})
(F.1)
with pik being the weights of the K Gaussian components, µk
their means, and Σk their covariances as well as di as multifre-
quency vector for each pixel. We do not find a simple association
of the components with the physical phases of the ISM. Here, we
show the n = 37 dimensional pixel-wise color representation of
the K = 3 Gaussian components in Figure F.1.
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Fig. E.1: GMM results for the ROSAT 0.885 keV map computed
with K = 18 Gaussians and n = 37 data sets neglecting the
γ-ray component maps. The prediction is determined from the
CPD marginalized over the X-ray regime; logarithmic scaling.
Panel (a): Prediction of the 0.885 keV map. Panel (b): Difference
between the original and predicted 0.885 keV map, RMS = 0.31.
Fig. F.1: Color coding of the probability of the individual GMM
components for the magnitude vector of a pixel. Each GMM
component is associated with the color (red, green, blue). The
intensity of the color is chosen according to Equation F.1. A high
log-probability of a pixel magnitude vector resulting from a spe-
cific component is here represented by a high numerical value in
the commonly used RGB color scheme, which encodes bright-
ness. White pixels are likely for all GMM components, black
pixels for none. The galactic disk appears black due to the ex-
treme values of its magnitudes that are unlikely for all compo-
nents. The red, green, and blue regions are likely for the corre-
sponding components.
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survey domain λ ∆λ res nside pub noise sources flux background coverage
Haslam Radio 408 MHz — 56′.0 512 2014 3 3 3 7 100 %
HI4PI Radio 21 cm→ NHI 100 MHz
8 MHz
16′.2 1024 2016 3 7 3 7 100 %
Stockert, Villa
Elisa
Radio 1420 MHz
1435 MHz
1420 MHz
18 MHz
14 MHz
13 MHz
35′.4 512 — 3 7 3 7 100 %
Planck LFI Microwave 30 GHz
44 GHz
70 GHz
∆ν/ν = 0.2 24′.0 1024 2015 3 7 3 3 100 %
Planck HFI Microwave 100 GHz
143 GHz
217 GHz
353 GHz
545 GHz
857 GHz
∆ν/ν = 0.3 5′.5 2048 2015 3 7 3 3 100 %
Planck CO Microwave 115.3 GHz — 15′ 2048 2015 3 7 3 3 100 %
AKARI FIR 65 µm
90 µm
140 µm
160 µm
30 µm
50 µm
70 µm 40µm
1′.3 4096 2015 3 3 3 3 > 99 %
IRIS IR 12 µm
25 µm
60 µm
100 µm
6.5 µm
11.0µm
40.0 µm
37.0 µm
4′.0 1024 2006 7 7 3 3 98 %
Finkbeiner Hα 656.3 nm 1.7 nm
3.2 nm
4.0 nm
6′.0 512 2003 7 7 3 7 100 %
ROSAT X-ray 0.197 keV
0.212 keV
0.725 keV
0.885 keV
1.145 keV
1.545 keV
0.174 keV
0.144 keV
0.570 keV
0.650 keV
0.830 keV
0.990 keV
120′.0 512 2015 7 7 3 3 98 %
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Fermi γ-ray 0.85 GeV
1.70 GeV
3.40 GeV
6.79 GeV
13.58 GeV
27.15 GeV
54.31 GeV
108.61 GeV
217.22 GeV
0.6 GeV
1.2 GeV
2.4 GeV
4.8 GeV
9.6 GeV
19.2 GeV
38.4 GeV
76.8 GeV
153.6 GeV
— 128 2015 3 3 3 3 100 %
Fermi hadronic,
leptonic
— — — 128 2015 3 3 3 3 < 90 %
Table C.1: An overview of the used data sets representing parts of the whole electromagnetic spectrum; unfilled gaps mean that the effect is not relevant for the survey. Table
header: λ stands for central wavelength or frequency, ∆λ stands for bandwidth, res is short for resolution of the instrument (not the resolution defined by the nside), nside is
defining the actual resolution, pub is short for the year of publication; further it is stated whether the data is noise corrected and therefore destriped, partly point and extragalactic
source removed, flux calibrated, and background corrected or not; coverage stands for the total all-sky coverage.
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